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Introduction Dataset
Metabolomics: o ‘ ‘ Urine of 10 monkeys
Research into the metabolism of an organism, influenced by Internal and 0§ * 5 male
External Factors. o e 5 female.
How?: Analysis of chemical composition of Body Fluids (urine) ’ )
Using?:"H-NMR spectroscopy and multivariate data analysis methods 04 Sampled 29 days in 2 months.
This Research : Analysing normal metabolism of Rhesus Monkeys
03 3 repeated measurements of each
sample
Monkey 1 02
Toxic Stress o Measurements:
) Monkey 2 : NMR-spectra containing 332
2 Monkey 3 0 chemical shifts
< 10 8 6 4 2 0
- ° Chemical shift (opm)
Dietary ) 5
Influences s Repeated measurements:
°
*Genotype Urine = Additional information about the data
=ET—— *Health Time Standard Deviation = Estimation of Experimental Error
Influences *Age 0.035 .
E 0.03 ‘ W
2 Reciprocal value of
g Model of
Methods 20025 Experim(;& ”_\i I the model of the
Methods give a lower dimensional representation of high-dimensional data. g Error s experimental error
.. . g 002 . &
Principal Component Analysis : o
Minimize: By 50015 W Ez.as i
fPCA = HX - TP H , (T are the scores, P are the loadings) % 0.01 , n 5125 ;:
a ™ . .}’ () I
* Describes maximum variation in the data 1§ooos ;V/"" “'15
+ Additional Information can not always be used in PCA § ) r" uwm
Weighted Principal Component Analysis: “om o o9z s 05 o3
Minimize:
1] 2 W . .
fWPCA = HW % (X -TP 1‘ i can be defined using: Resu Its
- Missing Data
- Data Scaling PCA scores monkey 3 Results of WPCA and PCA
- Experimental error are similar
- Other a priori information 04 P 02
* Does not describe maximum variation in the data o3 o1 There are differences
« Additional Information can be used by defining weights 02 0 between the PCA and
04 WPCA scores
Algorithms: S o o1
MLPCA : Wentzell, P. D. et al. (1997) & o & .02 The weighing causes the
MILES Bro, R. et al. (2002) ” 03 difference  between  the
PCAW Kiers, H. A. L. (1997) 02 y scores
. 03 & 0.4 1
MOdeI Loadings 047 . L) . / The weighing that s
PC1 PC1 defined here is indirectly
Model: normal temporal variation in the Monkey 1 WPCA scores monkey 3 based on peak size
chemical composition of the urine. o3 o
. Day 2 ’ ’ 1 Smaller peaks are given a
Loadings: space that is spanned by the 02 z: 0.2 5 larger weight, which gives
typical composition of the urine of all 19110 8 them more importance in
monkeys. o4 Ho 04 5o the data analysis
Jpay 1 G g/ 714 1.4
. . D ) o 0 AN w 0 32 20
Scores: each urine sample in terms of Day 1 2. e IR EC NS & PCA and WPCA give a
space spanned by loadings. One score for ‘o— Monkey 3 : M ol : " different view on the data,
each urine at each sampling time. 02 02 25, both methods can be
o o ® combined to obtain a more
Score ) , : corc?plleFe view of the
04l - L odl n I underlying processes
PC1 PC1
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